Soybean is a crop of major economic importance with low rates of genetic gains for grain yield 13 compared to other field crops. A deeper understanding of the genetic architecture of yield 14 components may enable better ways to tackle the breeding challenges. Key yield components 15 include the total number of pods, nodes and the ratio pods per node. We evaluated the SoyNAM 16 population, containing approximately 5600 lines from 40 biparental families that share a common 17 parent, in 6 environments distributed across 3 years. The study indicates that the yield components 18 under evaluation have low heritability, a reasonable amount of epistatic control, and partially 19 oligogenic architecture: 18 quantitative trait loci were identified across the three yield components 20 using multi-approach signal detection. Genetic correlation between yield and yield components was 21 highly variable from family-to-family, ranging from -0.2 to 0.5. The genotype-by-environment 22 correlation of yield components ranged from -0.1 to 0.4 within families. The number of pods can be 23 utilized for indirect selection of yield. The selection of soybean for enhanced yield components can 24 be successfully performed via genomic prediction, but the challenging data collections necessary to 25 recalibrate models over time makes the introgression of QTLs a potentially more feasible breeding 26 strategy. The genomic prediction of yield components was relatively accurate across families, but 27 less accurate predictions were obtained from within-family predictions and predicting families not 28 observed included in the calibration set. 29 30 Introduction 31 32
based on a moving-average of neighbor plots as described by Lado et al. (2013) implemented in the 122 functions NNscr/NNcov of the R package NAM (Xavier et al. 2015) , a random effect to capture 123 the genetic effects of individual lines, namely the genetic effects, assumed to be normally distributed 124 as ∼ (0, z { ), a nuisance random effect to capture the local environment effects, as normally 125 distributed as ∼ (0, z | ), and a vector of residuals, normally distributed ∼ (0, z } ). The 126 inverse phenotypic variance was computed for each environment and used as observation weights 127 to account for the heteroscedasticity among trials. Although the checks were not explicitly included 128 in the genetic merit model, these were invaluable for the spatial correction of the field plot variation.
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Where correspond to the genetic values, modeled as a function of an intercept , additive genetic 159 values, ∼ (0, z • ), additive epistatic value, ∼ (0, z -), and the vector of residuals, ∼ 160 (0, z ‹ ). The relationship matrices were built in accordance to Zeng et al. (2005) and Xu (2013).
161
The additive genetic relationship matrix was obtained by the cross-product of the centralized Association analysis. The genome-wide screening for segments associated to yield components is 291 presented in Figure 2 . Regions associated with the number of pods were located in chromosomes 3, 292 5, 14 and 19; significant associations for node number were observed in chromosomes 2, 3, 5, 6, 14, 293 18 and 19; and regions associated with pods per node were detected in chromosomes 3, 7, 12 and 294 19. The summary of the associated regions is presented in Table 2 , alongside the impact of each 295 significant marker on the yield components, grain yield and days to maturity. Except for the 296 association between the marker Gm02_6396340 and the number of nodes, our study did not find 297 any other consensus QTL detected by all three association methods for any of the variance 298 components. All three yield components had significant associations in chromosomes 3 and 19, and 299 the marker Gm19_1587494 was associated with all three traits. From the associated markers,
300
Gm13_14346156 had the highest impact on grain yield, potentially increasing yield as much as 0.6 301 bushels per acre. 
328
Variance decomposition. The proportion of variance explained by additivity and epistasis for 329 individual families is presented in Figure 4 . The additive fraction of the genetic variance computed 330 using G2A kernels is comparable to the narrow-sense heritability estimated across families (Table   331 1). All three variance components presented similar average polygenic architecture, having the 332 additive and epistatic components ranging from 0 to approximately 50%, but the estimates were 333 highly variable from family to family. The additive component averaged 7.46%, 9.03%, and 6.18%; 334 the epistatic component averaged 7.92%, 7.02%, and 7.77%, and the total genomic heritability 335 (additive+epistatic components) averaged 15.38%, 16.05%, and 13.95% for the number of pods, 1995 , Board et al. 1997 , Pedersen and Lauer 2004 , Zhang et al. 2004 . Whereas yield 461 components are mainly responsible for the yield formation, these are not necessarily the best linear 462 yield predictors (Board and Modali, 2005) . For example, Board and Harville (1993) showed that 463 the number of pods serves as the mechanism by which seed production increases in response to 464 greater light interception.
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Our previous study (Xavier et al. 2017a ) assessed the association among soybean agronomic traits 467 and yield components in the SoyNAM population based on undirected graphical models. The 468 graphical models depicted genetic and environmental interdependence among yield components.
469
That means that interactions among yield components occur due to genetic forces as well as a 470 response to environmental stimuli and agronomic practices. Such a phenomenon is also described 
